Abstract. We introduce a new approach for tracking-based segmentation of 3D tubular structures. The approach is based on a novel combination of a 3D cylindrical intensity model and particle filter tracking. In comparison to earlier work we utilize a 3D intensity model as the measurement model of the particle filter, thus a more realistic 3D appearance model is used that directly represents the image intensities of 3D tubular structures within semi-global regions-of-interest. We have successfully applied our approach using 3D synthetic images and real 3D MRA image data of the human pelvis.
Introduction
Accurate segmentation and quantification of 3D tubular structures is crucial in many biomedical applications. Examples of such structures are blood vessels, airways, or the spinal cord. In particular, the accurate quantification of human blood vessels is indispensable for diagnosis, treatment, and surgical planning. In clinical practice, the human vascular system is typically imaged by 3D magnetic resonance angiography (MRA) or computed tomography angiography (CTA).
Previous work on the automatic segmentation of tubular structures from 3D images can be divided into two main classes of approaches, one based on two-step centerline segmentation schemes and the other based on incremental tracking schemes. In two-step centerline segmentation schemes, first a local vesselness measure or a binary segmentation is determined. In the second step, the centerline of a tubular structure is constructed based on the results of the first step. Such approaches are, e.g., based on differential measures [1] , minimal cost paths [2] , or region growing with subsequent skeletonization [3] . A disadvantage of two-step approaches is that often only the centerline is computed and, thus, an additional step is required to estimate the local vessel shape (e.g., radius) [3] .
In contrast, incremental tracking schemes segment vessels by incrementally proceeding along a vessel. In each increment, the image information of a vessel is analyzed locally, and a prediction of the centerline position of the next increment is generated. Incremental tracking schemes differ w.r.t. the used measurement model and the prediction method. Concerning the prediction, three different methods are typically used. Often, a simple forward propagation method is utilized where the predicted position of the next increment is directly based on the segmentation result of the current increment, usually proceeding a short distance along the local direction of a vessel (e.g., [4] ). A more robust prediction method is the Kalman filter, which assumes a linear measurement model (e.g., [5, 6] ). A promising alternative method are particle filters, which are more general than the Kalman filter (e.g., inclusion of a nonlinear measurement model) and exploit more effectively the image information (e.g., [7, 8, 9] ). Regarding the measurement model, for tracking schemes based on forward propagation or a Kalman filter, typically contour information (e.g., [6] ) or intensity information (e.g., [4, 5] ) is used. For approaches employing particle filters, different measurement models have been used, e.g., based on circular shortest path search [7] , gradient-based shape detection [9] , or maximization of the image contrast [8] . However, these approaches utilize only relatively coarse appearance models based on mean intensity levels [7, 8, 9] . Also, these approaches often analyze tubular structures in 2D planes orthogonal to the centerline, i.e., the full 3D information is not exploited.
In this contribution, we introduce a new approach for the segmentation of 3D tubular structures, which is based on a combination of 3D parametric intensity models and particle filter tracking. In contrast to previous approaches based on particle filters (e.g., [7, 8, 9] ), our approach relies on a 3D cylindrical intensity model as the measurement model in conjunction with a model fitting scheme. This 3D appearance model directly represents the image intensities of 3D tubular structures within semi-global regions-of-interest (ROIs). Thus, we utilize an advanced and more realistic appearance model. Also, since we directly exploit the 3D intensity information, a segmentation step or computation of image gradients is not required. Moreover, we directly quantify the tubular structure (e.g., centerline and local shape) based on the integrated model fitting scheme.
Materials and methods
In our approach, we use a 3D parametric intensity model which represents the shape and the image intensities of a tubular structure, and which serves as the appearance model of the particle filter. The model consists of an ideal sharp 3D cylinder convolved with a 3D Gaussian and incorporates, for example, the blurring effect of the image formation process. This cylindrical model comprises parameters for the width of the tubular structure (radius R) and the image blur σ, and is well-suited to represent tubular structures of different widths. Since the exact solution of a Gaussian smoothed cylinder cannot be expressed in closed form, we use an accurate approximation g Cylinder , which is defined as the weighted superposition of two approximations for thin and thick cylinders [5] .
Moreover, we incorporate the intensity levels a 0 (surrounding tissue) and a 1 (vessel) as well as a 3D rigid transform R with rotation parameters α = (α, β, γ) and translation parameters x 0 = (x 0 , y 0 , z 0 ). This results in the parametric , α, x 0 ) , R, σ) where x = (x, y, z) and p = (R, a 0 , a 1 , σ, α, β, γ, x 0 , y 0 , z 0 ) . To segment a certain vessel segment, we use a model fitting approach based on least-squares fitting of the 3D model to the image intensities g(x) within a ROI:
For 3D vessel segmentation, we use a particle filter approach where tracking is formulated as a Bayesian sequential estimation problem. We represent the configuration of a vessel by a state vector θ k and assume that the measurement z k reflects the true state of θ k . At the increment k, the aim is to estimate the state θ k given a sequence of measurements z 1:k . By modeling the state's evolution via a dynamical model p(θ k |θ k−1 ) and incorporating measurements derived from the images via a measurement model p(z k |θ k ), a Bayesian filter estimates the posterior distribution p(θ k |z 1:k ) via stochastic propagation and Bayes' theorem:
An estimate of θ k can be obtained from the posterior p(θ k |z 1:k ), which, in our case, is determined using a particle filter. The main idea of this algorithm is to employ a set {θ
of N s weighted random samples θ i k (the 'particles') to approximate the posterior distribution.
Based on the particle filter framework we have developed two different tracking schemes. In the first scheme, the state vector is defined by the position x 0 of the 3D tubular model g M,Cylinder and by its velocity vector, thus In our second tracking scheme, the parameters p including the position x 0 of the 3D tubular model g M,Cylinder constitute the state θ. For the dynamical model p(θ k |θ k−1 ) we assume that the radius R, intensity levels a 0 and a 1 , the image blur σ, and the rotation parameters α follow independent Gaussian random walk dynamics. For the position x 0 , the dynamical model is defined by
where l denotes the magnitude of the displacement vector and n is a noise vector comprising independent zero-mean Gaussian noise statistics. Our measurement model p(z k |θ k ) quantifies the probability that the measured image intensities z k of the image g conform to the predicted state θ k within a 3D ROI.
Results
We have applied our new approach to different 3D synthetic images as well as 3D MRA image data. In the first part of the experiments, we have used 3D synthetic images containing different tubular structures (straight and curved structures) with a spectrum of different widths, curvatures, and noise levels.
From the experiments we found that our two tracking schemes generally yield accurate results for the centerline and shape of the tubular structures. As an example, we have used tubular spirals which comprise several short low contrast parts along the spiral to simulate vessels with poor local contrast (see Fig. 1 , left). Both tracking schemes performed well for a range of different noise levels.
In the case of a relatively high noise level (normal contrast a = 50, low contrast a low = 10, and added Gaussian noise with standard deviation σ n = 30), it turned out that the first tracking scheme terminates in the third winding. In comparison, the second tracking scheme, which directly employs the cylindrical appearance model, is able to segment the full spiral (seven windings) despite the poor signal-to-noise ratio. Fig. 1 shows the segmentation result represented by the centerline (center) and shape (right). It can be seen that the spiral including the highly curved inner part has been fully tracked and generally well segmented. In contrast, a previous approach based on a Kalman filter [5] failed to segment the full spiral, and terminated even earlier than the first tracking scheme based on a particle filter (see the marked termination points in Fig. 1, left) . To quantify the results, we have computed the maximal error e R,max of the estimated radius. For the first 1000 voxels along the centerline (about two windings), which have Fig. 1 . 3D spiral with low contrast parts and indicated end points for the tracking schemes based on the Kalman filter and both particle filter schemes (left) as well as segmentation result of our new approach using the second tracking scheme represented by the centerline (center) and shape (right). Fig. 2 . Maximum intensity projection of a 3D MRA of a human pelvis (left) and segmentation result for two arteries using the second particle filter tracking scheme (right).
been segmented by all three approaches, we found that the new approach yields a maximal error of e R,max = 1.12 and e R,max = 0.87 voxels for the first and second tracking scheme, respectively, and the Kalman filter yields e R,max = 1.28 voxels.
Moreover, we have also applied the new approach using both tracking schemes to 3D MRA images. For example, Fig. 2 shows the maximum intensity projection of the MRA of a human pelvis (left) as well as the 3D segmentation result using the second tracking scheme (right). It can be seen that arteries of varying sizes and high curvatures have been well segmented.
Discussion
We introduced a new approach for tracking-based segmentation of 3D tubular structures. The approach is based on a combination of a 3D cylindrical intensity model and particle filter tracking. In comparison to earlier work we utilize a 3D intensity model as the measurement model of the particle filter, thus a more realistic appearance model is used that directly represents the image intensities of 3D tubular structures within semi-global regions-of-interest. We have successfully applied our approach using 3D synthetic images and real 3D MRA image data.
